Following Cheng and Riu [2006], let:
for all j = m.
Then the variance of the measurement error as well as the covariances of the measurement error can vary over the J clusters. We then use the method of moments estimators given in Cheng and Riu [2006] to estimate the desired coefficients noting that because Q is randomized and measured without error, we can simply apply their method in the two sets of independent clusters divided by Q.
We compute from the data:
We can then obtain the desired estimates by subtraction.
For the sandwich variance estimator n −1 A n B n A n as noted in Cheng and Riu [2006] the above MM estimators can be viewed as "modified" least squares estimators, where we minimize:
The unbiased estimating equations are given by:
Extended Explanation of Simulated Example
We are randomizing clusters to coverage levels c j ∈ (0, 1). This is very advantageous for our problem.
Let us say, we have a large number of clusters similar to these 6 clusters: From these clusters we sample 32 and randomize to coverage levels 0.9 and 0.1. If we could observe all the data we could see at the cluster level: Then the association between Y j (0; 0.9) − Y j (0; 0.1) and DE s j would be easily estimated. However we only observe Y j (0; 0.9) or Y j (0; 0.1) for a given cluster and as well we observe an estimate of it, rather than the true causal outcome.
If we observed both Y j (0; 0.9) or Y j (0; 0.1) and DE s j for each cluster we would be in the same setting as the trial level surrogate, or the meta-analytic setting. This is also true in settings where there is a meaningful direct effect of the clinical outcome. Then one could observe the direct effect on the clinical outcome DE Y (0.9) j and candidate surrogate DE S j and, adjusting for coverage, apply one of the many meta-analytic approaches developed in the trial level surrogate literature.
If we observed only Y j (0; 0.9) and S j (0) or DE s j (0.9), for example, in settings where there exists interference on the surrogate, then we would be in the same theoretical setting as individual level surrogate evaluation. Under this, we are missing one piece of both the causal contrasts of interest.
B More extreme Beta
Here the X j used in the construction of the S ij is Beta(0.035,0.015), giving the same mean of 0.7, but a variance of 0.5 instead of 0.2. This leads to higher power, but also due to the Poisson distribution higher measurement error variance in clinical outcome estimates, which in this small sample size can not be fully account for my our modified method of moments estimator. The estimation improves as the number of clusters increases. 
Large number of clusters
Extending the simulations in the main text, using the same data generation but increasing the number of clusters increases power for the modified method of moments estimation. However, the power does not increase rapidly, which we believe may be due to the conservative estimates of the measurement error.
Notably, in Scenario C , the inflated type one error rate is not corrected by increasing the number of clusters, in fact as the bias remains similar, the inflation increases with the number of clusters. 
